Land Use Regression (LUR) models of Volatile Organic Compounds (VOC) normally focus on land use (e.g., industrial area) or transportation facilities (e.g., roadway); here, we incorporate area sources (e.g., gas stations) from city permitting data and Google Point of Interest (POI) data to compare model performance. We used measurements from 50 community-based sampling locations (2013)(2014)(2015) in Minneapolis, MN, USA to develop LUR models for 60 VOCs. We used three sets of independent variables: (1) base-case models with land use and transportation variables, (2) models that add area source variables from local business permit data, and (3) models that use Google POI data for area sources. The models with Google POI data performed best; for example, the total VOC (TVOC) model has better goodness-of-fit (adj-R ) as compared to the permit data model (0.42; 0.37) and the base-case model (0.26; 0.41). Area source variables were selected in over two thirds of models among the 60 VOCs at small-scale buffer sizes (e.g., 25 m-500 m). Our work suggests that VOC LUR models can be developed using community-based sampling and that models improve by including area sources as measured by business permit and Google POI data.
Introduction
Land Use Regression (LUR) is commonly used to model air pollutants using regulatory monitoring networks (e.g., NO 2 , particulate matter) with the goal of estimating pollutant concentrations at locations without monitoring data (Brauer et al., 2003; Jerrett et al., 2005; Marshall et al., 2008; Ross et al., 2007) . Volatile organic compounds (VOCs) are precursors to ozone formation (WHO, 2000) and may pose long-term health risks (e.g., lung cancer, blood disorders) even at low concentrations (Glass et al., 2003; Lin et al., 2004; Villeneuve et al., 2014) suggesting a need to also properly characterize spatial patterns of VOCs using LUR models. However, ambient VOCs are less frequently monitored, thus reducing the possibility to model VOCs using LUR for exposure assessment studies (Guerreiro et al., 2014; Pankow et al., 2003) . A variety of factors have limited the ability of previous studies to monitor and model VOCs including: (1) fewer than the commonly recommended 40-80 sampling locations for model development (Hoek et al., 2008) , (2) complex emission sources for many VOC species (Brown et al., 2007; Kim et al., 2001; Piccot et al., 1992) , and (3) limited and inconsistent data availability for small-scale local emission sources (e.g., area sources; Hochadel et al., 2006; Madsen et al., 2007) .
Existing studies (see Table S1 ) have used LUR to model VOCs based on monitors at traffic segments (Carr et al., 2002) , schools (Chang et al., 2006; Mukerjee et al., 2009; Smith et al., 2006) , fire stations (Smith et al., 2011) , airports (Gaeta et al., 2016) and across cities in North America (Atari and Luginaah, 2009; Johnson et al., 2010; Kheirbek et al., 2012; Oiamo et al., 2015; Poirier et al., 2015; Su et al., 2010; Wheeler et al., 2008) , Europe (Aguilera et al., 2008; Carr et al., 2002; Fernández-Somoano et al., 2011; Gaeta et al., 2016) and Asia (Amini et al., 2017a (Amini et al., , 2017b (Amini et al., , 2017c ; only one existing LUR model (in Canada) has successfully assessed national VOC concentrations (Hystad et al., 2011a (Hystad et al., , 2011b . Previous VOC LUR models are often limited by the (1) number of monitors (n b 40; Atari and Luginaah, 2009; Mukerjee et al., 2009; Smith et al., 2006 Smith et al., , 2011 , (2) sampling period (a few weeks or seasons; Fernández-Somoano et al., 2011; Gaeta et al., 2016; Mukerjee et al., 2009; Oiamo et al., 2015; Su et al., 2010) and (3) number of VOC species monitored (n b 10; Aguilera et al., 2008; Amini et al., 2017a Amini et al., , 2017b Amini et al., , 2017c Atari and Luginaah, 2009; Carr et al., 2002; Fernández-Somoano et al., 2011; Gaeta et al., 2016; Hystad et al., 2011a Hystad et al., , 2011b Johnson et al., 2010; Mukerjee et al., 2009 Mukerjee et al., , 2012 Oiamo et al., 2015; Poirier et al., 2015; Su et al., 2010; Wheeler et al., 2008) . These limitations often hinder development of robust models to characterize a wide range of VOC species for long-term concentrations (e.g., annual averages). Community-based sampling offers an opportunity to gather sampling data for many VOC species and many time periods that would otherwise be difficult to collect (Conrad and Hilchey, 2011; Smith et al., 2007) . Collaborative sampling efforts among local agencies and communities may facilitate more effective LUR modeling for pollutants that are otherwise less commonly monitored (e.g., VOCs) by approximating traditional fixed-site sampling for LUR.
To account for VOC emission sources, existing VOC LURs mainly include variables for transportation facilities (e.g., proximity to roads; Kheirbek et al., 2012) and land uses (e.g., industrial; Wheeler et al., 2008) . Studies including source apportionment (Baldasano et al., 1998; Brown et al., 2007; Watson et al., 2001 ) and targeted measurements at specific locations (Kwon et al., 2006) found that ambient VOCs may be linked to area sources (e.g., dry cleaners, gas stations) that are often neglected due to their low (yet collectively high) individual emissions. A recent VOC review calls for critical evaluation of VOCspecific local characteristics and sources, which may be significant contributors to the spatial distribution of VOCs (Amini et al., 2017a (Amini et al., , 2017b (Amini et al., , 2017c . Few VOC LUR studies attempt to account for the emissions from area sources (Amini et al., 2017a (Amini et al., , 2017b (Amini et al., , 2017c Hystad et al., 2011a Hystad et al., , 2011b , partly due to a lack of such data that are often difficult to acquire (Aguilera et al., 2008) . Often, LUR models may be limited by inconsistent land use, emission source, or transportation data across political boundaries, making it difficult to generalize concentration estimates across jurisdictions (Amini et al., 2017a (Amini et al., , 2017b (Amini et al., , 2017c . Google Point of Interest (POI) data offers rich information on land use patterns that may provide an alternative to traditional data sources (French et al., 2015; Madaio et al., 2016) . A potential advantage of using POI data in LUR models is the ability to consistently assess the contribution of area sources to VOCs across different regions or countries which traditional city-level land use data cannot (a description of the Google POI data is below).
In this paper, we developed LUR models for concentrations of 60 VOC species using community-based sampling data collected at 186 total locations (50 locations had sufficient data for model building) from November 2013 to August 2015 in Minneapolis, MN (Lansing et al., 2016) . Specifically, our goals were to: (1) assess the feasibility of LUR modeling using data from community-based sampling, (2) explore whether information on area sources improves LUR models, and (3) investigate whether Google POI data could serve as an alternative data input in LUR modeling. We developed LUR models with and without information on area sources to compare how different data inputs could improve LUR model performance for a wide range of VOC species and explore their various spatial patterns.
Materials and methods

Community-based sampling campaign for LUR development
We developed LUR models using data collected as part of a community-based VOC sampling effort (Lansing et al., 2016) . The sampling campaign was implemented by Minneapolis Health Department employees and volunteers (e.g., local residents) trained by local agencies. The City of Minneapolis was divided into 34 grid cells and sampling locations were selected so that at least two locations were in each grid cell. The campaign resulted in 186 sampling locations across Minneapolis including residential locations (56%), participating businesses that may emit VOCs (20%), Minneapolis Park and Recreation Board (MPRB) properties (17%), Minnesota Pollution Control Agency (MPCA) monitoring locations (2%), and others (e.g., formaldehyde collocated samples and residents who sponsored canisters: 5%; Lansing et al., 2016) . The campaign measured 60 VOC species (e.g., benzene, toluene, and naphthalene) using a performance-based air sampling method (TO-15) and passivated stainless steel (Summa) passive sampling canisters. Specifically, TO-15 is a method developed by the US EPA for monitoring the 97 VOCs included in the 189 hazardous air pollutants (HAPs). The sampling campaign used 1-liter Summa canisters (a spherical container interiorly rendered inactive to most organic compounds) to collect air samples over a 72-hour period. All samples were sent to the lab (Pace Analytical Services) to analyze the 60 VOCs. The VOC measurements were collected across eight sampling events during November, February, May, and August of each year; the campaign started in November 2013 and ended in August 2015. Detailed information regarding how measurements were collected, analyzed, and processed as well as QA/ QC methods can be found in the City of Minneapolis report (Lansing et al., 2016) . We compared the community-based sampling measurements at the four MPCA monitoring stations (2%) to the MPCA data. Generally, there was a slight mismatch between the two different sampling campaigns; for example, the average normalized measurement gap was 23% for priority VOCs (BTEX: 21%, naphthalene: 26%; see Fig. S1 ).
Dependent variables for LUR
VOC species
Previous LUR studies model a limited number of VOC species (e.g., aromatic alkylbenzenes [mainly derivatives of benzene]) and fail to capture concentrations of other species (Amini et al., 2017a (Amini et al., , 2017b (Amini et al., , 2017c . We developed LUR models of annual-average concentrations for the 60 VOC species sampled in the community-based sampling campaign. In the main text of this article we describe four VOC species that were of interest to the City of Minneapolis (hereafter referred to as priority VOCs), partly due to the fact that these VOC species exceeded the chronic health benchmarks in the initial study by the Minneapolis Health Department (MHD; Lansing et al., 2016) ; all LUR results for other VOC species are in the SI. The four priority VOCs include BTEX (benzene, toluene, ethylbenzene, m&p-xylene and o-xylene), naphthalene, tetrachloroethene, and TVOC (total VOCs-sum of all VOC species monitored as an overall measure of VOCs; Hodgson, 1995; Singh et al., 2016a Singh et al., , 2016b . We replaced all non-detects with half of the method detection limit of the sampling approach following U.S. EPA guidance (EPA, 1991).
Sampling periods for modeling
The community-based sampling campaign resulted in VOC measurements at 186 locations; however, only a small number of locations (n = 24) were sampled during all eight events. Also, many locations did not have four consecutive sampling events to estimate annual averages for a single year. The average number of sampling events per site was 3.8. Using the second year of the sampling campaign (seasons 5-8 [November 2014 to August 2015 of the 8-season campaign) yielded the largest number of locations to model annual averages (n = 50); thus, we report LUR model results of annual-average VOC concentrations for the second year as our core model scenario. We also developed a number of alternative modeling scenarios as described in the sensitivity analysis 2.5.1. Table 1 shows the summary statistics for our core modeling scenario for the four priority VOCs. A map of sampling locations and summary statistics for all 60 VOCs are shown in Fig. S2 and Table S2 .
Correlation matrix for all VOCs
We developed a correlation matrix using the measurements among VOC species. We identified comparatively high correlation among some of the VOC species (e.g., 1,3-Butadiene, 1,2-Dichlorobenzene); however, many of the 60 VOC species presented very low correlation. We decided to model the 60 VOCs separately in this paper; however, future work might assess when it is appropriate to model species together. We aggregated BTEX species for modeling due to the known high correlation (Pankow et al., 2003) and to compare to other LUR studies (Aguilera et al., 2008; Amini et al., 2017a Amini et al., , 2017b Amini et al., , 2017c Atari and Luginaah, 2009; Kheirbek et al., 2012; Mukerjee et al., 2012) . The correlation among the priority VOCs was below 0.32. Fig. S3 shows the correlation matrix for all VOCs.
Independent variables for LUR
We assembled four subsets of candidate independent variables: (1) area sources as measured by city business permit data retrieved from the MHD, (2) area sources as measured by web-scraped Google POI data, (3) transportation variables, and (4) land use variables. Specifically, the city permit data includes four types of business licensing facilities (dry cleaners, paint booths, auto shops, and gas stations) that may emit VOCs and are of interest to the MHD; the data included sources as of November 2013. To explore an alternative data source for area sources, we retrieved 90 categories of POI data from the Google Places Application Programming Interface (API) and identified four categories that most closely matched the city permit data (i.e., laundry, painter, car repair, gas station). The Google Places API is a service that returns information about POIs based on a search query (e.g., all restaurants within a specified distance from a central point). In this study, we used a Python script (shown in the SI) to automatically retrieve POI data in May 2018 to cover the study area. Google POI data is based, in part, on crowdsourced information and may have errors. Importantly, Google POI data may be a promising set of variables to assess impacts of localized sources since the data can be tabulated across political boundaries, potentially allowing for modeling the relationship between VOCs and area sources across multiple jurisdictions. Variables were tabulated as point, proximity, or buffer variables as appropriate; we used 16 buffer lengths (25 m, 50 m, 75 m, 100 m, 150 m, 200 m, 250 m, 300 m, 400 m, 500 m, 750 m, 1000 m, 1500 m, 2000 m, 3000 m, 5000 m) following a previous LUR study in Minneapolis (Hankey and Marshall, 2015) . This process resulted in a total of 228 (i.e., 16 × 14 buffer variables plus 4 point/proximity variables) candidate variables for selection (Table 2 ). Transportation and land use variables were offered for all models; area source variables offered varied depending on the model (see model building description below).
LUR model building
Our LUR modeling approach was based on a commonly used forward stepwise regression technique (Su et al., 2009 ). The approach includes two steps: (1) add the independent variable most correlated with the VOC concentration (tested for normality and log-transformed for LUR modeling) and (2) sequentially add the independent variables most correlated with model residuals until the last variable is not significant (p N 0.05) or the Variance Inflation Factor (VIF; multicollinearity indicator) is larger than 5. We allowed for only one buffer size to be selected for each variable to further avoid collinearity (Wilton et al., 2010 ). We report model performance based on adjusted R 2 , Root Mean Square Error (RMSE), and 10-fold cross validated (10-fold CV) R 2 . We developed three types of LUR models with the four subsets of candidate independent variables using MATLAB R2014b to assess the impact of including area source information in LUR models of VOCs:
Base-case: no area sources. To replicate the majority of previous LUR models for VOCs (Aguilera et al., 2008; Carr et al., 2002; Kheirbek et al., 2012; Mukerjee et al., 2012; Smith et al., 2011) , we developed LUR models with only transportation and land use variables as covariates.
Area sources: city business permit data. To explore whether area sources contribute to model performance, we added area sources from city business permit data in addition to the transportation and land use variables. Area sources: Google POI. To explore how an alternative data source for area sources -Google POI -impacts model performance, we replaced area source city permit data with Google POI data (while still including the transportation and land use variables).
We mapped model estimates of VOC concentrations (100 m × 100 m grid) for all three types of LUR models using ArcGIS 10.6 to assess spatial patterns among models. We tabulated the independent variables (variables that were significant in our LUR models) at the centroid of each grid, and used corresponding model results to estimate the VOC concentrations for all grid cells. To compare the impact of variables among VOC species and models, we fully normalized the model coefficients by multiplying each coefficient by the 95th-5th percentile difference of the independent variable divided by the 95th-5th percentile difference of the dependent variable.
Sensitivity analysis
We performed sensitivity analyses to explore (1) LUR model results using different scenarios for aggregating to annual averages among sampling periods and (2) seasonal LUR models to assess whether seasonal trends exist among VOC species.
Scenarios to estimate annual-average concentrations among sampling periods
We aggregated VOC concentrations for LUR modeling based on multiple scenarios: (1) four consecutive sampling events (one event per season) during the first year (November 2013 to August 2014; n = 40), second year (November 2014 to August 2015; n = 50), or year-2014 calendar year (February 2014 to November 2014; n = 45); (2) measurements during all 8 sampling events (n = 24); and (3) non-consecutive coverage of 4 seasons among the 8 sampling events (n = 79). Summary statistics for all 5 VOC annual-average scenarios of different sampling periods for the priority VOCs are shown in Table S3 .
Seasonal LURs
In addition to the annual-average models, we also developed seasonal models with all available sampling data for each season (i.e., spring, summer, fall, and winter). We report model performance for each season as compared to the annual-average concentration models for the priority VOCs.
Model validation
We examined Cook's distance to identify potential outliers that may influence our model results. We checked for spatial autocorrelation of model residuals using Moran's I, and further explored where spatial autocorrelation arose (if any) using LISA (Local Indicators of Spatial Association) for the priority VOCs (Anselin, 1995) .
Results and discussion
We developed three types of LUR models for 60 VOCs to explore the impact of including different measures of area sources on model performance. We report detailed findings for the priority VOC species (BTEX, naphthalene, tetrachloroethene, and TVOC); detailed analyses for all 60 VOCs are in the SI.
LUR model results for priority VOCs
We developed core LUR models using three sets of candidate independent variables: (1) transportation and land use variables (basecase models), (2) the base-case variables plus area sources measured from city permit data, and (3) the base-case variables plus area sources measured by Google POI data. We compare model results using performance indicators (e.g., adj-R 2 ; RMSE; 10-fold CV), variable selection (e.g., coefficient direction; buffer sizes), and by mapping concentration estimates for visual inspection. Table 3 shows model results for the priority VOCs. Table S4 shows model results for all 60 VOCs.
Goodness of fit
In general, adding city permit data to the LUR models improved model performance and outperformed the base-case models; this finding suggests that area sources are an important factor in explaining the variability of VOC concentrations. We also found that models with Google POI data outperformed models with city permit data for both the priority VOCs and among all 60 VOCs. For example, the BTEX models performed better when including Google POI data (adj-R 2 : 0.47; RMSE: 0.34 μg/m 3 ) as compared to city permit data (0.37; 0.37) and the base-case model (0.15; 0.43). These results are consistent with the reported R 2 of five previous LUR models for total BTEX ranging from 0.40 (moderate) in Detroit, USA to 0.81 (good) in Sarnia, Canada (Aguilera et al., 2008; Amini et al., 2017a Amini et al., , 2017b Amini et al., , 2017c Atari and Luginaah, 2009; Kheirbek et al., 2012; Mukerjee et al., 2012) . For tetrachloroethene (commonly used at dry cleaners), the model performance improved from the base-case model (adj-R 2 : 0.31; RMSE: 0.76 μg/m 3 ) with the addition of city permit data model (0.64; 0.55) and Google POI model (0.75; 0.46) . We also aggregated all VOC species (TVOC) to compare to other measurement and modeling campaigns Mečiarová et al., 2017; Singh et al., 2016a Singh et al., , 2016b source for LUR modeling. Fig. 1 shows a summary of model performance among all 60 VOCs.
City permit data vs. Google POI
We developed LUR models by including four categories of area sources from two data sources (city business permit and Google POI). We noticed that LUR models using Google POI data outperformed those using the city permit data. There are several differences between the city permit and Google POI data that may explain this result. First, the Google POI area source categories were not perfectly matched with the city permit data and we had to choose the closest Google category; thus, the two data sources may capture slightly different sets of locations due to this choice. Second, there was a temporal mismatch among the Google POI data (year-2018), the city permit data (year-2013), and the VOC sampling data (2013) (2014) (2015) . Since business locations change over time, there are differences among locations in each category that could be due to this temporal mismatch. Third, the Google POI data is crowd-sourced (i.e., Google includes information available from businesses on the internet) which may lead to additional locations (e.g., capture of businesses without formal permitting) or missing locations (e.g., businesses that do not have an online presence) as compared to the city permit data. In general, the Google POI data captured more area source locations (e.g., average number of gas stations within 500 m buffer: 0.73 Google POI vs. 0.68 city permit locations) and had a larger coefficient of variation as compared to that of the city permit data (e.g., gas stations: 1.40 vs. 1.29). Table S5 shows the average number of area source locations and coefficient of variation for the city permit data and the Google POI data.
Significant variable selection
The base-case models selected comparatively fewer variables (n ≤ 3) for the priority VOCs -most of which were transportation variables (e.g., transit stops, principal arterials; Table 3 ). This choice of spatial predictors is similar to other studies that assess these VOCs (Amini et al., 2017a (Amini et al., , 2017b (Amini et al., , 2017c Atari and Luginaah, 2009; Kheirbek et al., 2012) . When adding area sources as candidate variables, either from city permit or Google POI data, models consistently selected area sources (e.g., dry cleaners, gas stations) suggesting that traditional models (base-case model) may neglect the impact of important area sources. For example, BTEX, which is predominately from auto-related emissions, was associated with auto shops in the city permit data models; in the Google POI model, a similar area source (e.g., car repairs) was selected reinforcing the importance of including these data in the LUR models. One study in Tehran, Iran also found that the proximity to gas stations was associated with toluene and BTEX (Amini et al., 2017a (Amini et al., , 2017b (Amini et al., , 2017c while one national LUR study in Canada also incorporated this variable but failed to capture the variability of localscale benzene concentrations (Hystad et al., 2011a (Hystad et al., , 2011b . A unique aspect of our models is the capability to compare the area sources that may be important to explain the variations in VOC concentrations. To support our findings, we also modeled all 60 VOCs (in addition to the priority VOCs) to explore how many VOC species may be linked to these small-scale sources. This exercise resulted in 45 out of 60 VOCs selecting area sources for the city permit data models and 52 out of 60 VOCs for the Google POI models, which further points to the importance of the area sources (see Fig. S4 ).
Model coefficients
The normalized model coefficients allow for comparing variables across VOC species and indicate that area sources were as important predictors as commonly recognized transportation and land use variables. For the best performing Google POI model (tetrachloroethene), the area source coefficients had a slightly larger magnitude of association (0.41 for both laundry and gas stations) as compared to coefficients for transportation variables (0.34 for principal arterials) and land use variables (0.31 for housing density). These findings may help highlight the importance of specific area sources to inform policy choices (e.g., elimination of tetrachloroethene from all dry-cleaners in Minneapolis). Coefficients among models mostly followed a priori assumptions; however, results for certain variables and VOC species were counterintuitive, which was also the case in other LUR studies of VOCs (Fernández-Somoano et al., 2011; Mukerjee et al., 2012; Smith et al., 2011) . For example, principal arterials had a negative association with naphthalene among all three models. To our knowledge, no study has explored naphthalene in LUR models; however, one review of emission sources of naphthalene pointed out that vehicle emissions were important sources (Jia and Batterman, 2010) . This conflicting result indicates that area sources (e.g., paint booths, gas stations) may be correlated with other traditional predictor variables (e.g., road classification) and produce confounding results in some cases.
Buffer sizes of significant variables
Almost all area sources were selected at small buffer sizes (e.g., 25 m-500 m) suggesting that area sources are associated with VOC concentrations at small spatial resolutions reinforcing findings from previous studies (Baldasano et al., 1998; Brown et al., 2007; Watson et al., 2001; Mukund et al., 1996; Sun et al., 2016) . For example, the Tehran LUR study found that being near a gas station was associated with higher VOC concentrations (Amini et al., 2017a (Amini et al., , 2017b (Amini et al., , 2017c . Buffer sizes of transportation variables differed among VOC species; for example, traffic-related VOC species (e.g., BTEX) were associated with principal arterials at a buffer length of 5000 m while TVOC selected road classifications at a buffer length at 3000 m. The choice of these large buffer sizes is consistent with a suggestion to include trafficrelated variables at buffers up to 5000 m from a recent VOC review (Amini et al., 2017a (Amini et al., , 2017b (Amini et al., , 2017c . BTEX was also associated with lower road hierarchy (e.g., collectors) at smaller buffer lengths (e.g., 100 m), which is similar to other LUR studies (Smith et al., 2006; Su et al., 2010) . These findings imply that modeling individual or grouped VOC species may help identify specific variables of importance at different spatial resolutions.
Mapping concentration estimates
We mapped VOC concentrations for the entire city of Minneapolis on a 100 × 100 meter grid. For the purpose of mapping concentrations, locations with predicator data values that were outside of the variable space in the model building data were truncated to the highest (or lowest) value at our sampling sites as suggested by previous LUR studies (Beelen et al., 2010 (Beelen et al., , 2009 ). In general, spatial patterns differed among VOC species and model types underscoring that (1) it is necessary to model VOC species separately to assess VOC-specific predictors (Amini et al., 2017a (Amini et al., , 2017b (Amini et al., , 2017c , (2) different methods of obtaining area source data appear to provide different information, and (3) incorporating information on area sources from Google POI (or from local permitting data) offers an opportunity to improve model performance. For example, apart from the higher concentrations along transportation segments, the BTEX maps also showed vast hot spots partly due to area sources (e.g., car repair). Concentration hotspots in these maps visualize the spatial patterns of naphthalene and tetrachloroethene resulting from the significant association with area sources as compared to transportation variables. Potentially, these maps could be used for selecting additional sampling locations and to identify differences between the city permit and Google POI maps (to find potential emitters not captured with the city permit data, or possibly to identify errors or improve classification of the Google POI data). Fig. 2 shows model estimates for the priority VOCs using all three types of models in Minneapolis, MN. Fig. 3 shows scatterplots of the predicted vs. observed values for the priority VOCs.
Sensitivity analysis
Scenarios to estimate annual-average concentrations among sampling periods
We developed LUR models using five scenarios for estimating annual-average VOC concentrations. Generally, the model scenario using only locations with all eight sampling events had the highest adj-R 2 ; however, this scenario included only 24 locations and demonstrated issues with overfitting (e.g., too many significant variables selected). All other scenarios had similar performance to our core model scenario (second year; n = 50 sampling locations; Figs. S5 and S6). Our core scenario is consistent with the adequate number of sampling locations (n =~40-80) recommended for LUR modeling over small geographic areas (Hoek et al., 2008) .
Seasonal LUR models
We developed seasonal LUR models and compared performance to the annual-average models for the priority VOCs (see Fig. S7 ). In general, model performance varied by VOC and season with no obvious pattern of seasonal performance among the priority VOCs. On average, model fit was better for the annual-average models (mean adj-R 2 with
Google POI: 0.57) as compared to the seasonal-average models (mean adj-R 2 with Google POI: 0.28). Seasonal fluctuations were not consistent among VOCs and annual-average concentrations are likely a stronger rationale for policy decisions which aim to reduce overall exposure.
Model validation
3.3.1. 10-Fold CV In general, 10-fold CV R 2 values (Table 3) were slightly lower than the Adj-R 2 for the full models, with generally consistent patterns between Adj-R 2 and CV R 2 . The drop in R 2 was largest for the Google POI models (e.g., tetrachloroethene: 0.75 to 0.56) suggesting that the Google POI models may be the most likely to encounter overfitting issues. However, our sample size was small (n = 50) and this result should be tested in studies with more sampling data available for VOCspecific modeling.
Cook's distance and spatial autocorrelation
Examination of Cook's distance for our priority VOCs confirmed that no significant outliers influenced our model results (see Table S6 ). Based on the Moran's I test, no significant spatial residual correlation was found in the LUR models for the priority VOCs except for some instances in the BTEX models (Table S7 ). For example, BTEX showed significant autocorrelation in two models (Moran's I index with p b 0.05 for the base-case models [models with Google POI data]: 0.26 [−0.19]) but not the third model (city permit data). We further explored this issue using the LISA procedure and found that among the priority VOCs, only BTEX was flagged at a cluster of locations near a principal arterial indicating that spatial autocorrelation existed at this heavy traffic corridor for BTEX (see Fig. S7 ). Future research should explore how sampling locations can be specifically designed for the purpose of spatial modeling to reduce spatial autocorrelation, or how spatial autocorrelation can be included within the modeling framework. 3.4. Implications for developing VOC LUR models 3.4.1. Implications for modeling 60 VOCs
To our knowledge, this is the first LUR study that measures and models 60 VOC species; existing LUR studies explored a limited number of species (n b 10; see Table S1 ). We were able to model 60 VOCs to explore how different VOCs show varying spatial patterns. Our correlation matrix indicates that certain VOC species may be highly correlated and share similar spatial characteristics. For example, BTEX and some aromatic compounds (e.g., 1,3-Dichlorobenzene, 1,4-Dichlorobenzene) were generally correlated with each other (Pankow et al., 2003) . This finding suggests that future LUR models could be refined by grouping certain VOCs (e.g., factor analysis, principal component analysis). However, many of the VOC species showed little correlation and warranted individual LUR models for those VOC species. The different toxicity and complex health risks of each VOC also necessitates our targeted modeling strategy for individual VOCs in certain cases (Lansing et al., 2016) .
Implications for community-based sampling campaigns
Few studies have developed LUR models for air pollutants using community-based sampling data. Community-and volunteer-based sampling campaigns offer the potential to monitor at spatial and temporal scales that would otherwise be difficult for some pollutants. To ensure measurement quality, this approach requires training sessions for volunteers and adequate collection devices for rotation. Our work shows that community-based efforts can provide useful data for modeling and estimating VOC concentrations. Learning from previously established best practices for LUR models (Larson et al., 2007; Su et al., 2013) , future community-based campaigns could be designed to ensure that annual-average concentrations are available at a large number of locations for modeling.
A limitation of our study is that out of 186 total locations, we were only able to use 50 locations for modeling due to a lack of sampling data during specific sampling events among locations; our community-based sampling may also be limited by the fact that its original purpose was not for LUR. Our LUR models were based on locations that had four consecutive events of data available to capture annualaverage concentrations of VOCs. This issue may be important for future sampling campaigns to capture the spatiotemporal nature of VOC emissions. The seasonal models didn't demonstrate obvious patterns across seasons among the priority VOCs; however, the annual model fit outperformed the seasonal models indicating that it is necessary to capture concentration patterns during all four seasonal events to evaluate the annual-average concentrations. Previous studies typically use a limited number of sampling events (e.g., 1-2 weeks) to build LUR models, which may misrepresent spatial patterns or annual-average values of VOC concentrations (Amini et al., 2017a (Amini et al., , 2017b (Amini et al., , 2017c Atari and Luginaah, 2009; Kheirbek et al., 2012; Su et al., 2010; Wheeler et al., 2008) .
Implications for comparing area sources in VOC LUR
Most LUR studies are developed for criteria pollutants and rely on traditional transportation and land use variables and do not include information on small-scale air pollution sources (i.e., area sources; Kheirbek et al., 2012; Wheeler et al., 2008) . However, VOCs embody comparatively different characteristics and emission sources as compared to criteria pollutants (e.g., NO 2 ). Existing LUR VOC studies have only analyzed a few VOC species (e.g., BTEX) that are mainly from traffic and industrial emissions (Amini et al., 2017a (Amini et al., , 2017b (Amini et al., , 2017c . Comparatively, our study analyzed 60 VOCs and presented a more comprehensive assessment of different VOC species in our LUR models.
A contribution of our models is that adding area sources helps to assess whether these small-scale sources are correlated with VOC concentrations. We were able to explore this relationship by comparing our base-case models that exclude area sources to models with information on area sources. By normalizing the model coefficients, we found that area sources may be as important (or even more important for some VOC species) as traditional transportation and land use variables. More work is needed to add area sources into LUR modeling for other jurisdictions and pollutants to further assess the utility of these data sources. For example, in one LUR study in Iran, proximity to gas stations were flagged as significant variables for toluene and BTEX (Amini et al., 2017a (Amini et al., , 2017b (Amini et al., , 2017c ; the inclusion of this variable suggests that it is necessary to consider area sources when modeling in both developed countries and developing countries (often with higher air pollution levels; Amini et al., 2017a Amini et al., , 2017b Amini et al., , 2017c .
Implications for using non-traditional data such as Google POI
An open question is how best to measure small-scale emission sources for air quality modeling. We used two measures of area source data (Google POI and city permit data) to explore the potential benefits of each dataset. We found that inclusion of both datasets improved model performance but that the Google POI models demonstrated the best model performance among all models and the 60 VOC species. Our LUR models show that online mapping data could provide a useful input for LUR modeling. We only included variables from the Google POI database that were closely matched to the categories of area sources we had from the city business permit database; future work could replicate and expand our approach by including all data available in the Google POI database.
Our modeling approach of combining an open dataset (Google POI) for area source emissions with a community-based sampling campaign offers promising potential for creating community-driven modeling efforts to better characterize the spatial patterns of VOCs. To date, only one national LUR model for limited VOC species is available (Hystad et al., 2011a (Hystad et al., , 2011b . Our work suggests that it may be possible to develop generalizable LUR models for VOCs across different regions or countries when using open access variables to pool datasets among study locations. However, such data sources may introduce biases, particularly from user generated and user verified content (Crutcher and Zook, 2009; Stephens, 2013) . For example, businesses without an online presence, which are more likely in low socioeconomic regions, are less likely to add themselves to the dataset (e.g., Google Maps), and lower internet/smartphone usage in these regions may exacerbate that divide. Future work could refine this modeling approach and allow for expanding the geographic scope of these models towards developing models capable of providing generalizable information for siting and planning efforts.
Conclusion
We developed LUR models for 60 ambient VOC species using measurements at 50 sampling locations (out of 186 locations) from a community-based sampling campaign during November 2013 to August 2015 in Minneapolis, MN. We were able to assemble three sets of independent variables to develop our core LUR models: (1) land use and transportation variables, (2) area source variables from local business permit data, and (3) Google POI data for area sources. We found that models with the Google POI area source data performed better as compared to the base-case model and the permit data model. We found that area sources had a similar or bigger magnitude of correlation with VOCs than traditional land use and transportation variables. Among the 60 VOCs, over two-thirds of the LUR models indicated that area sources were significantly correlated with the VOC concentrations at small spatial scales. Our work suggests that community-based sampling could be used as a valuable input for LUR models to estimate VOC concentrations. Our study explores the spatial patterns of a wide breadth of VOCs (a novel aspect is the number of VOCs studied) and identifies differences among data inputs for important area sources. The use of Google POI data also offers a more generalizable data source for national VOC LUR models in the future. Our work could be used to inform planning policies to reduce emissions from area sources.
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